Locational marginal price of bus n at time t.
l
Index for transmission lines ranging from 1 to L. n Index for buses ranging from 1 to N . t Index for the time slots within a time horizon from t 0 to t 0 + h − 1. y Index for intervals in a year ranging from 1 to Y . w Index for wind farms ranging from 1 to W .
B. Constants c j,t
Price offer of unit j of other producers at time t. D d,t Power demand of load d at time t. G j,max , G j,min Upper / lower output power limit of unit j of other generation companies.
GSF l,n
Generation Shift Factor from bus n to line l. LU l , LL l Upper / lower power transfer limit of line l. h Time horizon, the number of time slots in a time interval. RU j , RL j Upper / lower ramping limit of unit j. η i Round-trip efficiency of ES i. γ i Daily self-discharge rate of ES i.
C. Variables E i,t
Energy stored in ES unit i at time t in MWh.
G j,t
Power output of unit j of other producers at time t in MW.
LF l,t
Power flow through line l at time t in MW. P d i,t
Discharging power of ES i at time t in MW. P c i,t

Charging power of ES i at time t in MW.
R y ES price arbitrage revenue in time interval y. S i,t
Power output (positive) or absorption (negative) of ES i at time t seen from the grid in MW. π n,t Locational marginal price of bus n at time t.
I. INTRODUCTION
E
NERGY storage (ES) technologies have seen rapid advancements with significant improvements in power efficiency and energy density. Grid-scale ES is an aggregation of high capacity and cost-effective storage systems. Based on the hourly price differences, it can absorb excess energy during off-peak hours, hold in reserve and release during peak times to perform price arbitrage. This operation is particularly helpful in systems with high renewables as it acts as a power shifter for the system. Back in 2013, the California Public Utility Commission (CPUC) mandates the utilities and load-serving entities (LSEs) to procure over 1,300 MW of ES by 2020, i.e., roughly 3%∼4% of CAISO's summer peak load [1] . By then, ES will not only be able to provide regulation supports at the local utility level but also participate in the day-ahead wholesale market at the regional transmission grid level. In November 2016, Federal Energy Regulatory Commission (FERC) issued a reform proposal to remove the barriers and pave the way for ES to participate in the wholesale market [2] , which have cleared the regulatory barriers for ES arbitrage.
Studies on ES arbitrage can be categorized into long-term and short-term ones based on the time horizon. Long-term studies are cost-benefit analyses include ES sizing, location planning, and revenue evaluation. Short-term studies focus on strategies to maximize the daily profits in day-ahead and real-time markets. On the long-term side, the arbitrage profit for the year 2010-2011 is evaluated in a linear programming (LP) model considering ES cycle life [3] . The optimal ES type, power and capacity configurations are studied in [4] using an LP model based on historical price data. Similarly, the arbitrage revenue of Sulfur Sodium battery storage in the New York ISO market is studied in [5] using an LP model, which emphasizes the impact of battery efficiency on arbitrage profitability. On the short-term side, a risk-averse bidding strategy using robust optimization for ES arbitrage is proposed in [6] by assuming probability distributions for both wind and locational marginal price (LMP) forecasts. A real-time dispatch algorithm for weekly ES arbitrage is presented in [7] , which scales up the real-world LMP for ES to represent incentives. ES arbitrage in day-ahead and real-time markets based on time-series price forecasting is presented in [8] . In these studies, different models are utilized to deal with different price signals to maximize the daily arbitrage values.
Fundamentally, ES arbitrage relies on the price differences over time [9] . Charging when the LMPs are low while discharging when high, ES in the arbitrage mode would smooth the LMP volatility because it counters the load change and results in peak shaving and valley filling. In contrast, renewable generations have low energy costs but high power fluctuations, which exacerbate the price volatility and can cause unexpected LMP spikes as seen in the real-world markets [9] - [11] . From the perspective of private ES owners, markets with high renewable penetration are favored due to the price volatility, lower reserve margin, and higher flexible ramping requirement, as stated in [12] . It is interesting to study the ES arbitrage potential over an extended period considering both the LMP smoothing effect of ES and the increased price volatility levels caused by renewables.
One characteristic shared by existing models for arbitrage studies is that they require the price signals as inputs to the model. Those models are known as the "price-taker" model. For example, the linear programming based evaluations use historical prices or pre-computed prices; the robust model uses price ranges, and the stochastic model runs price forecasting and scenario reduction beforehand. Those models cannot directly reveal the impacts of ES operations on the LMPs and eventually on the arbitrage revenue. Therefore, a more sophisticated model is needed for ES arbitrage potential evaluations, especially for grid-scale ES which has considerable power and energy capacity.
In this paper, we focus on the extended-term arbitrage revenue study, which can be used to evaluate existing ES systems or incorporated into cost-benefit analysis for planning. To consider the price changes due to arbitrage activities, a bi-level model is proposed by maximizing the arbitrage potential in the upperlevel model and simulating the market-clearing process in the lower level. Instead of relying on price inputs or price forecasts, the upper-level model uses the prices generated on the lower level and adjusts the ES outputs, which, in turn, affects the price in the lower level. Linear transformation techniques are applied to reformulate it as a single level mathematical programming with equilibrium constraints (MPEC) and then a mixed-integer linear programming (MILP).
The main contributions are summarized as follows: 1) Proposes and justifies a market structure in compliance with the latest FERC proposal, allowing ES owners to participate in the day-ahead market for energy arbitrage activities actively; 2) Generalizes the conventional arbitrage models into a twostep model: price forecasting and arbitrage evaluation; provided a generic price generation method considering wind forecasts and line flow limits; 3) Proposes a bi-level arbitrage evaluation model which does not rely on price inputs and can derive the LMPs based on the system generation, load level, renewable output fluctuations and, simultaneously, the ES activities; 4) Analyzes the impacts of the main factors such as ES power and energy capacity, load level, and wind power capacity. The rest of this paper is organized as follows. Section II describes the day-ahead market structure and the generalized conventional arbitrage model. Section III proposes the bi-level model and presents the mathematical solutions. Section IV discusses the wind power forecast with GARCH-family models and the forecast uncertainties with forecast-bin based Beta distributions. Section V provides the detailed case studies to compare the performance of the models with different ES configurations, load and wind levels. Section VI concludes the findings.
II. MARKET STRUCTURE AND THE CONVENTIONAL ARBITRAGE MODEL
A. Market Structure and Basic Principles
The grid-scale ES price arbitrage is mainly performed in the day-ahead (DA) wholesale market where the largest portion of supply and demand is settled. Fig. 1 shows the structure of the DA wholesale market with three types of participants. The generation companies and wholesale customers participate in the DA market by submitting offering and bidding prices along with the capacity and demand, respectively, to the Independent System Operator (ISO). At a fixed closing time, ISO clears the market across the transmission network to determine the dispatch levels and the prices for the next day. The role of an arbitrage-oriented ES participant in this market is a combined seller and buyer actively trading electricity. Unlike generations or consumers who offer or bid with desired prices, ES participants submit offers or bids with the price of zero for arbitrage purposes due to their small capacity. ES participants will not add price levels to the bidding or offering stacks. They still can, however, affect the system LMPs at some Critical Load Levels (CLL) [13] . Like other market participants, ES will pay or receive the spot price for the energy it purchases from the market or resells back. This assumption is aligned with the FERC proposal in [2] to allow for ES participations in wholesale markets.
B. The Conventional ES Arbitrage Model
The main characteristic of the conventional arbitrage models is that it requires the price data as inputs, even if the price data comes in different forms such as modified historical data [9] , estimated ranges [14] , or time-series forecasts [8] . The objective function for the time interval y is formulated in (1a) to maximize the annual arbitrage revenue, which is the summation of the revenue over all the time intervals. It equals the summation of the discharging income subtracted by the charging expenses, given by
where π n,t is the input LMP of bus n at time t; P d i,t and P c i,t are the internal discharging and charging power of ES i at time t, respectively; Ψ(i) is the bus to which ES i is connected. Round-trip efficiency η i is used instead of separate charging and discharging efficiencies because the former is more commonly used and readily available in [15] . In an ideal case without power losses, the revenue R y is always a non-negative value as the ES should sell energy during the high LMP hours and buy during the lows. The energy available in ES i at the end of time t, E i,t , is determined by the energy remained at time t − 1, the daily selfdischarge rate γ i , plus/minus the energy stored/supplied during time t. This is given by
where Δt is the interval between two consecutive time slots. In this paper, Δt = 1.
ES systems are also subject to physical constraints. The most common are the state-of-charge (SOC) constraint and the power constraint. The SOC constraint demands the remaining energy level fall within a given range, while the power constraint demands the charging and discharging power within its ratings. These physical constraints are given by
where 
C. Remarks on the Conventional Model
The conventional model in (1a)-(1f) is a linear programming. It takes the exogenous LMP π i,t as an input and is therefore highly dependent on π i,t . The solution to this problem yields the arbitrage revenue over the studied period and provides the ES power output pattern to achieve the revenue. This model is applicable to ES arbitrage cases where the ES capacity is too small to affect the system LMPs.
The conventional model poses three major issues. The first issue is the applicability for utility-scale storages whose output can be impactful on the market clearing prices, as verified in [16] . The second issue is the absence of line flow limits, which cannot be enforced without knowledge of the network, generation and load data. This allows the ES to use its power output to the extremes whenever necessary and yield unachievable revenue when the ES capacity is high. The third issue is the lack of extendibility to future scenarios. Since price data is the only relevant input, the conventional model cannot directly utilize new generation and load profile and must use a price generation technique to pre-compute the inputs.
D. Market Simulation Based Price Generation
Price generation in the day-ahead market has been extensively studied in existing literature [8] . Among the various methods, the market simulation method mimics the ISO's market clearing process based on the given generation bids, load offers and network parameters. The details of the market simulation model will be covered in the next section as the lower-level model in (2c)-(2i) excluding the ES output terms using S ij in (2d), (2e) and (2h), which means we assume the ES is not considered in the price generation due to the uncertainty of ES strategies. In fact, the price generation model that considers the ES strategies is the bi-level model in the following section [17] .
The last two of the three issues with the conventional model discussed above can be addressed by the market simulation based price generation method. First, future scenarios can be represented by generating new price data based on new generation bids, load offers, and network data. Second, line flow limits can be enforced by adding constraint (1g) to the conventional arbitrage model (1a)-(1f)
where LF in l,t is the solved line flow data from the market simulation model. If multiple ES are present, their outputs are no longer unrelated given the line flow limits. The market simulation model with the same generation, load, and network data, as used in the proposed bi-level model, will be used to generate price signals as a comparison.
III. THE PROPOSED MODEL AND SOLUTION
A. The Bi-Level ES Arbitrage Model
Comparing with the conventional model, the proposed bilevel ES arbitrage model incorporates the LMP information from the market clearing process in the lower level problem. By using appropriate information such as wind forecasts and estimated generation bids, this method can yield more accurate LMP forecasts and arbitrage potential evaluations.
In practice, a detailed model of the transmission network is used by the ISO to calculate prices at each bus. It becomes complicated when coupled with the ES arbitrage operations. In this paper, the linearized optimal power flow (also known as the DC-OPF) based market clearing model is applied to reveal how the output of ES affects the LMPs in the network.
Using the bi-level formulation, the ES arbitrage model and the simulated market-clearing model become one bi-level optimization problem. The upper-level is an arbitrage problem from the ES perspective, and the lower level is a market-clearing problem. They are coupled by the LMP variable π n,t and the ES scheduling power S i,t . The full bi-level optimization model is given in (2a)-(2i).
In the lower-level market-clearing model, the objective function (2c) is to minimize the payment for generations so that the social welfare is maximized for the fixed load. Equation (2d) ensures the balancing between the generation and the net load; (2e) enforces the power flow limits on the branches, where Θ(n) is the component indices connected to bus n; (2f) limits the maximum and minimum generation outputs; (2g) constrains the ramping rate of generators. (2h) provides the Lagrangian of the lower-level problem. In (2i), the LMP π n,t , is derived from the partial derivative of (2h) over the nodal demand. Note that on the right side of the colons are the dual variables associated with the primal constraint.
The objective function (2c) minimizing the payment for generations assumes that the demand is inelastic. (2c) can also be modified to account for an inverse demand function and maximize the social welfare without affecting the other constraints. Details about maximizing the social welfare considering the inverse demand function can be found in [18] . Parameter c j,t in (2c) is the estimated incremental cost or the offering price of generator j at time t. This parameter can be
estimated from open market historical data or from market simulation software such as ABB GridView TM and GE MAPS TM [19] - [21] . The presence of inter-dependent variables between the upper and lower levels indicates the coupling of these two optimization problems. In other words, the LMPs used in the upper-level arbitrage problem are the results from the lower-level marketclearing problem, while the lower-level supplies or demands depend on the ES schedule from the upper level. The detailed mathematic solution for this bi-level optimization will be presented in the following section.
B. MPEC Formulation
Owing to the linearity of DC-OPF based market clearing model, its optimal solution is a unique point that satisfies the Karush-Kuhn-Tucker (KKT) optimality conditions. In this regard, the bi-level arbitrage problem is formulated as a mathematical program with equilibrium constraints (MPEC) by inserting the lower level into the upper level using its KKT conditions as complementarity constraints. According to the strong duality theory, this MPEC model can be converted into a mixed-integer linear programming (MILP) problem, which can be readily solved by various available software packages.
The MPEC formulation of the proposed bi-level arbitrage problem consists of the upper-level arbitrage model and the KKT conditions of the lower level. For the sake of completeness, the upper level is restated in (3a), (3b).
The KKT conditions of the lower-level market clearing model are to find the primal variables (G i,t , S i,t ) and the dual variables
{d, i, j, w} ∈ Θ(n), ∀l, ∀t for (3d) and (3e)
∀j, ∀t for (3f)-(3i) where the perpendicular sign denotes a cross product of zero of the corresponding variables in the vector form.
C. Mixed-Integer Linear Programming (MILP)
The technique to reformulate the nonlinear MPEC problem as an MILP has been established in [22] , [23] at the optimal point by expressing the nonlinear terms as a linear combination of variables using the strong duality theory and the resulting MILP formulation is given in (4a)-(4n).
where M In the re-formulated model, there are two auxiliary binary variables (the upper limit and the lower limit) associated with each transmission line flow, generator output and generator ramping limits. In addition, each ES has two binary variables indicating the charging and discharging. The continuous variables are the ES charging and discharging power, other generator outputs, and the locational marginal prices. In addition, the dual variables, which equals the number of constraints in the primal problem, are also continuous.
Some cuts for the auxiliary binary variables can be added to improve computation performance, as given in (5) .
The values of the Big-M constants need to be set properly to bind the values of primal and dual variables. This is heuristic but necessary. The Big-M constants should vary by the constraints they correspond to and are selected based on the known parameters in that constraints. For example, in the upper limit constraint of generation (4i) and (4j), M max ω is set to two to three times the maximum upper limit of all the generators. For the dual price variables, the Big-M constants are empirically set to large enough numbers suggested by existing literature. This paper sets M min μ and M max μ to 1,000, which yields feasible solutions.
D. Time Horizon for Arbitrage Evaluation
The annual arbitrage potential evaluation problem is defined over a year consisting of 8,760 hourly time slots. Solving the whole problem renders massive decision variables and constraints, which make it computationally impractical. Therefore, the annual problem is broken down into subproblems having a smaller time horizon.
The length of the time horizon in each problem remains to be determined. Observe that the ES performs arbitrage is in a dayahead market, calculating the annual revenue by summing up the daily results seems plausible. This approach, however, could narrow the operation range of ES and give an underestimated revenue due to the short time horizon.
The SOC of ES is a variable that couples the operation between consecutive time intervals. In the objective to maximize the revenue, SOC at the ending time slot of the simulation horizon is enforced to the same level as the beginning one. Otherwise, ES will discharge as much as possible for the objective. With such constraint, for a time horizon of 24 hours, the ES energy capacity would be underutilized, and the solution would be too myopic to reflect the true arbitrage potential.
In this paper, a weekly evaluation time horizon is used for each subproblem, which can be solved quickly and the ES capacities are better utilized. A similar discussion of weekly time horizon versus daily time horizon can be found in [7] , which confirms that ES can provide significantly more financial and technical benefits in weekly scheduling if compared with the daily scheduling. A comparison of the arbitrage revenue and the computation time is also given in Section V-E. 
IV. WIND FORECAST AND UNCERTAINTY MODELING
With a high level of penetration, wind power fluctuations contribute to the LMP variations in the system for ES arbitrage. The wind power forecast model consists of two parts: a time-series method based point-forecast model and a probability distribution based forecast error models. Forecast scenarios can be obtained by adding the samples from the forecast error distribution to the time-series point forecasts. This section briefly describes the Generalized Autoregressive Conditional Heteroscedasticity (GARCH) time-series model for point forecast, and Beta distributions based forecast error model.
Wind power output has considerable impacts on the ES arbitrage potential by affecting the day-ahead LMP through its power fluctuation. Time series forecast methods could reveal the trend of the variables compared with the probability distributions methods. In this paper, wind power point forecast is obtained from the GARCH models that can consider the impact of volatility on its conditional mean. The details of the method can be found in [24] . After the forecasting, for each wind farm, wind data is scaled from to its power rating over the whole year.
For the wind power forecast error, a typical yet simple assumption is to use the Gaussian distributions. A more appropriate model employs Beta distributions based on the forecast wind speed since the forecast error is not uniformly distributed for different wind levels [25] . The main idea of this approach is to create a forecast error probability distribution function for each of the wind power forecast bins, i.e., the forecast power range. Historical data tuples with the measured data and forecast data are used to inform the model by fitting the Beta distribution models.
The detailed steps for data preparation and model fitting are described as follows. First, the normalized forecast errors of the wind power, i.e., e d = (p a − p f ) /p rated , within the range of [−1, 1], are calculated. Second, a linear mapping function, e = (e d + 1)/2, is proposed to map the forecast error into [0, 1] so that the Beta distributions defined on [0, 1] can apply. Third, ten evenly divided forecast bins are chosen from 0 to 1, and the forecast errors e are assigned to the bins to which the measured wind power belongs.
When using the forecast-bin based distributions to create wind scenario data, forecast errors are sampled from the distributions Fig. 2 , which clearly shows that the forecast errors vary by the forecasted power. The closer the forecast power to zero or the maximum, the more concentrated the forecast errors are. The wind power point forecast and the 80% confidence interval is illustrated in Fig. 3 .
The GARCH time-series method for wind power forecasting and the forecast-bin based error modeling are for the data preparation of the arbitrage model. From the error distributions, five samples are taken and added to the point forecast to obtain five wind scenarios.
V. CASE STUDIES
In this section, the proposed bi-level ES arbitrage model is compared with the conventional model. Factors including ES power rating and energy capacity, wind penetration level, load level and ES location are analyzed. The case studies are performed in a modified PJM 5-bus system to illustrate the underlying concepts and then in the IEEE 118-bus system to demonstrate the large-scale applicability.
A. PJM 5-Bus Test System
The topology and data of the PJM 5-bus test system modified from [26] are shown in Fig. 4 . Two wind farms (WF1 and WF2) with the same nameplate capacity of 80 MW are added on buses A and C. Two wind profiles from the 2014 PJM hourly wind data set, RFC and MIDATL, are used for the point forecasting. The load profile is scaled down from the 2014 PJM hourly load data set with a peak value of 1,200 MW evenly distributed across buses B, C, and D. Load forecasting inaccuracy is not considered in this paper, as it has been extensively studied. A pumped-storage hydro ES system is installed on bus D. The system is rated at 50 MW and 2,000 MWh with zero selfdischarging and 80% round-trip efficiency. The SOC max and SOC min are set to 0.9 and 0.1, and the initial SOC is at 0.5. The simulations are performed in MATLAB R2016a with YALMIP [27] and CPLEX 12.5 on a desktop with an Intel Core i7 6700 and 8GB RAM.
B. Bi-level Model for Arbitrage Evaluation
This case study compares the annual arbitrage revenue from the conventional model and the bi-level model with the basecase data. For the conventional model, the price arbitrage has two steps: 1) the LMPs considering wind power are generated, and 2) the conventional arbitrage model is solved. For the bilevel model, the LMPs and the arbitrage revenue along with the ES outputs are solved simultaneously. The same wind input data, including the point forecast data and the five uncertain scenarios, are applied to the two models. It is important to note that, while generating the LMP data for the conventional model, the forecast wind power has been considered, thus the wind fluctuations are reflected in the price forecast. In addition, the line flow limits are enforced in the conventional model.
The annual arbitrage revenue from the two models is compared in Fig. 5 , where the results with the base data are highlighted. The uncertain scenarios are plotted in light gray curves, which are so close to the base data results that special highlighting is not necessary. The annual arbitrage results for all the scenarios are listed in Table I . The first observation from Fig. 5 is, for the same wind data, the conventional model yields higher results in most weeks. To investigate the cause of the differences, the histograms of the LMPs at bus D in the wind point forecast scenario are plotted in Fig. 6 , which shows the LMPs shifting towards the center due to the ES arbitrage operations. The LMP frequency shift in the histogram can be observed as the LMP smoothing effect in the time domain. Fig. 7(b) compares the LMP at bus D obtained from the two models in a time horizon of 168 hours (7 days), where some LMP bottoms are driven up but more LMP peaks are reduced in the bi-level model. The LMP changes show a verification of the LMP smoothing effect as the discharging operation of ES during higher LMP hours, as well as the charging of ES during the low LMP hours, affects the clearing price. Fig. 7 (c) and (d) show the comparison of ES power output and SOC from the conventional and the bi-level models. The positive values of the ES power indicate ES discharging activities, while the negative ones indicate ES charging. It is important to note that the power is seen from the power grid side so that the round-trip efficiency has been included. Therefore, the maximum power the ES can supply is smaller than the 50 MW power rating due to self-discharging, and the charging power is greater than 50 MW to compensate for the motor losses.
The computation time of the conventional model averaged 21.51 seconds, while the bi-level model averaged 55.1 seconds. The performance of both models is acceptable as an offline evaluation problem.
C. Impacts of ES Power and Capacity Ratings
This section investigates the impacts of ES configuration, namely, the power rating and the capacity rating, on the arbitrage potential. Comparing with the conventional model, the bi-level model should not benefit as much as the conventional one since the gap of the peak-hour LMP, and the valley-hour ones will shrink due to the LMP smoothing effect. An optimal power and capacity would exist for the same load level and wind power scenario. Fig. 8(a) compares the ES arbitrage revenue under different ES energy capacity settings with the power rating fixed at 100 MW. The conventional and the bi-level models exhibit the similar shape but different rate of change. In both cases, the revenue grows considerably when the ES energy capacity increases at a low level where the ES energy capacity is a bottleneck. The continuous increase of ES capacity has a decreasing utility since the bottleneck is relieved. The bi-level model approaches a maximum sooner than the conventional model since the increase of energy capacity has reduced marginal effectiveness due to the LMP smoothing effect. The other comparison is to fix the ES energy capacity and increase the power rating, which is shown in Fig. 8(b) . The conventional model has a smooth growth in the arbitrage revenue because the energy capacity is no longer a bottleneck. The growth from the conventional model is unrealistic since the high-power operations of ES will largely smooth the LMPs and thus reduce the actual revenue. The bi-level model approaches the maximum in a similar pattern as in Fig. 8(a) , which verifies the existence of a maximum possible arbitrage revenue despite any further increase in the ES power rating and energy capacity.
D. Impacts of Load Level and Wind Penetration
The combination of the load and wind penetration level in a system determines the LMP variations, which directly determines the maximum arbitrage potential. In a system with a low load level and sufficient power supply, the congestion level in the network is low, and the room for price arbitrage is limited. Similarly is the case for the system with a high load level and insufficient power supply -the network is highly congested, and the LMP keeps at a flatten pattern at a high level. This section explores the impacts of both since neither the load level nor the wind power penetration alone is decisive.
To study the impact of high wind penetration levels, an additional wind farm is added to bus E. A separate wind profile, WEST from the PJM data set is used so that the wind power compensations are automatically considered. The total load ranges from 800 MW to 1350 MW with an increment of 50 MW and the total wind power ranges from 50 MW to 700 MW with an increment of 50 MW, which are the largest ranges of feasible solutions. A total number of 168 combinations of load and wind are simulated using the conventional and the bi-level model.
The annual revenue surface is shown in Fig. 9 . The first observation is that the conventional model over-estimates the revenue. Second, for a fixed wind level, the revenue shows an initial increase with the increase of load but starts dropping after a certain point, which is due to the increased congestion level. When the load exceeds a certain point, the system becomes highly congested and the LMP price differences between the peak and valley hours become smaller. Thus the room for ES arbitrage becomes narrower.
Also noticed is that the bi-level model results stay in a relatively flat zone with the load ranging from 1,100 MW to 1,200 MW and the wind ranging from 400 to 700 MW. That means the arbitrage revenue cannot be increased even for a higher wind penetration and more LMP variations. In this case, the bottleneck is the ES system itself. As analyzed in the previous section, it is the ES power rating that limits the arbitrage revenue.
E. Arbitrage Study Time Horizon
Finally, to substantiate the discussion on simulation time horizon in Section III-D, the total revenue and the simulation time are shown in Fig. 10 for different time horizons ranging from one day to months. The time horizon of 365 is not present because the problem is too large to solve. The first observation is that the daily time horizon is too conservative for revenue estimation, as discussed in Section III-D. As the time horizon increases, the revenue increases because the initial and final SOC constraint (1c) becomes less restrictive and the ES capacity is better utilized. Second, the time horizon choice needs to be made based on the model difficulty and computational resources.
F. IEEE 118-Bus System
The proposed bi-level arbitrage model is also simulated on the IEEE 118-bus system. The system consists of 118 buses, 54 generators and 186 branches, and has 5,000 MW load and 9,966 MW generation capacity. The generator offering data are similar to that in [28] The same load profile is simulated on the IEEE 118-bus system. Fig. 12 shows the results from the two models on bus 33 including the load, LMP, ES power and ES SOC. Comparing with the PJM 5-bus system, this system has sufficient generation capacity and fewer transmission congestions. Therefore, the impact of ES arbitrage operations on the LMP is not significant. Line flow limit in (2g) is also considered when generating the price data.
The annual arbitrage values from the conventional model using the generated price data, and the bi-level model are 6 and $1.7124 × 10 6 , respectively. It is worth noting that the conventional model has a smaller revenue than the bi-level model. To find out the cause, the weekly arbitrage revenue is plotted in Fig. 11 , where the bi-level model apparently has generated more revenue during the weeks 10-16. Take week 11 for example, the revenue from the conventional and the bilevel models are $ 4.328 × 10 4 and $ 6.578 × 10 4 . Fig. 12 shows the data pertaining to ES 1 on Bus 33. It can be observed from Fig. 12(b) that the bi-level model can characterize the LMP smoothing effects in the IEEE 118-bus system by driving up the LMP when low and driving down the LMP when high. Fig. 12(c) shows the ES power output for arbitrage. The ES charging power in the conventional model during the low LMP hours in the middle are much lower than that from the bi-level model. Although the LMP in the bi-level model becomes higher when charging, it is still lower than the LMP at which the ES will sell the energy later. In contrast, the ES in the conventional model is not able to store enough energy during the low LMP hours and thus loses the profit.
To investigate the root cause, the transmission line congestions are analyzed. It is observed that Line 33-15 is fully congested at 150 MW during all the periods. The GSF from buses 33 and 15 to this line are −0.4677 and 0.1345, respectively. This means, in the conventional model, the two ESs must operate in the opposite direction in terms of power output. For each 0.1345 MW absorption on ES 1, there must be 0.4677 MW output on ES 2 in order to meet the line limit. This can be verified by the ES power output plot in Fig. 13 . In addition, it is conceivable that, if we only install one ES on bus 33, the ES will never be able to charge due to Line 33-15 congestions, and the arbitrage revenue will be even worse.
In the bi-level model, however, the line flow limits are dynamically optimized based on the generation bidding and ES arbitrage. Since the ES participates the market clearing in the lower-level model, outputs from other generators are different from scenario used to generate price data without ES. By winning the bids, the ES is able to utilize more transmission capacity at a higher price. This overall contributes to the increased revenue from the bi-level model.
The simulation time for the conventional models averaged 37.58 seconds, and the bi-level model took 5098.17 seconds.
The bi-level model is computationally intense in the large system case but is validated to be solvable. Relaxations may be applied by removing the unrelated line flow constraints or some generator ramping constraints.
VI. CONCLUSION
In this paper, a bi-level optimization model is proposed to evaluate the annual arbitrage potential of grid-scale ES more precisely in power systems with high penetration of wind power. The findings from the model and the case studies are:
1) The proposed bi-level can reflect the ES operations and wind power fluctuations on the LMPs; in contrast, the conventional model must rely on historical or pre-computed LMP data as inputs; 2) Based on the system operating condition, the conventional model would either over-estimate or underestimate the annual arbitrage revenue using static price inputs when considering line flow limits; 3) The load level and the wind level jointly determine the arbitrage potential of a system; it is the LMP variation rather than the absolute LMP value that is crucial for the ES arbitrage. 4) To achieve the maximum revenue at a given location, the ES is required to have high power and energy ratings, which is not economical; to realize a medium to high percentage of the maximum revenue, the power, and energy rating can be significantly reduced. Future work includes investigating the strategies to maximize the arbitrage revenue with multiple ES systems. ES long-term planning, including sizing and sitting for arbitrage purposes considering investments and degradations, is also the future work.
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